Next-generation sequencing has opened the door to genomic analysis of nonmodel organisms. Technologies generating long-sequence reads (200-400 bp) are increasingly used in evolutionary studies of nonmodel organisms, but the shortsequence reads (30-50 bp) that can be produced at lower cost are thought to be of limited utility for de novo sequencing applications. Here, we tested this assumption by short-read sequencing the transcriptomes of the tropical disease vectors Aedes aegypti and Anopheles gambiae, for which complete genome sequences are available. Comparison of our results to the reference genomes allowed us to accurately evaluate the quantity, quality, and functional and evolutionary information content of our ''test'' data. We produced more than 0.7 billion nucleotides of sequenced data per species that assembled into more than 21,000 test contigs larger than 100 bp per species and covered ;27% of the Aedes reference transcriptome. Remarkably, the substitution error rate in the test contigs was ;0.25% per site, with very few indels or assembly errors. Test contigs of both species were enriched for genes involved in energy production and protein synthesis and underrepresented in genes involved in transcription and differentiation. Ortholog prediction using the test contigs was accurate across hundreds of millions of years of evolution. Our results demonstrate the considerable utility of short-read transcriptome sequencing for genomic studies of nonmodel organisms and suggest an approach for assessing the information content of next-generation data for evolutionary studies.
Introduction
Model systems have so far been the source of most genomic data, even though they are not always optimal for evolutionary studies (Abzhanov et al. 2008) . Therefore, a gulf exists between the bulk of evolutionary genomics research and the detailed natural history and evolutionary information available from nonmodel organisms. Nextgeneration DNA sequencing technologies (e.g., Solexa/Illumina, SOLiD/ABI, 454/Roche, and HeliScope/Helicos, Margulies et al. 2005; Bentley et al. 2008; Hudson 2008; Mardis 2008a Mardis , 2008b drastically reduce the cost, time, and labor required for large-scale sequencing, promising to transform molecular evolutionary studies by changing the ranges and types of questions that can be addressed (Rokas and Abbot 2009) .
Next-generation DNA sequencing technologies differ in the length and number sequence reads produced (Holt and Jones 2008) , giving rise to an important trade-off. Short-read technologies (;30-to 50-bp reads) usually generate more sequence data per run at a substantially lower overall cost than long-read technologies (;200-to 400-bp reads) (Mardis 2008b) . But short-read technologies are also less successful in assembling large, complex genomes (a similar trade-off exists between all next-generation sequencing technologies and the standard capillary sequencing method) (Whiteford et al. 2005) . Thus, short-read technologies are typically best suited for resequencing projects where a reference genome on which the reads can be mapped is already available (Whiteford et al. 2005; Schuster 2008 ), although recent algorithmic (Butler et al. 2008) and experimental (e.g., Solexa/Illumina's new mate-pair and short-read paired-ends libraries) advances are likely to increase their suitability for de novo genome sequencing projects, especially in combination with longread technologies (Maher et al. 2009) .
A large fraction of studies in molecular evolution and evolutionary genetics is concerned with the coding parts of genomes and less with their full sequences. For example, several evolutionary experiments require variable genetic markers, and coding sequences can provide a wealth of markers scattered across the genome. A standard way of obtaining coding sequences is through partial sequencing of mRNA transcripts, typically after they have been reverse transcribed into cDNA (Bouck and Vision 2007) . Importantly, transcript sequence is usually much simpler to assemble compared with genomic sequence for two reasons: First, unlike genomic sequences, transcripts are unequally represented in an organism's mRNA pool: Transcripts of highly expressed genes are expected to be highly abundant, whereas transcripts of weakly expressed genes are present at low levels. Thus, sequencing of an mRNA pool can result in very deep coverage of highly expressed transcripts but in very low coverage of poorly expressed transcripts. Second, coding sequences typically contain fewer repetitive elements and have other properties (e.g., higher GC content) (Toth et al. 2000; Lander et al. 2001 ) that reduce the probability of errors in sequence assembly.
These predictions have been experimentally tested and verified in several next-generation transcriptome-sequencing studies of evolutionarily important organisms and populations lacking genomic resources (Cheung et al. 2006; Toth et al. 2007; Novaes et al. 2008; Vera et al. 2008; Rokas and Abbot 2009 ). However, all of those studies were performed using the long-read 454 technology (Margulies et al. 2005) , perhaps contributing to the perception of the drawbacks of the more affordable short-read technologies. Furthermore, due to the unavailability of a reference genome for the organisms sequenced, absolute estimation of error rates was not always possible.
We evaluated the potential of short-read next-generation DNA sequencing technology for transcriptome sequencing of nonmodel organisms. We sequenced the transcriptomes of the tropical disease vectors Aedes aegypti and Anopheles gambiae using the Solexa-sequencing technology (Bentley et al. 2008) . The sequences of the genomes of both species have been determined with standard capillary sequencing, providing ''reference'' data, against which we could evaluate the information content of our de novo Solexa-based test data. We have extensively compared test and reference data to address four questions about our generated test sequence data: 1) What is their quantity? 2) What is their quality? 3) What is their functional information content? and 4) What is their evolutionary information?
Materials and Methods
Full transcriptomes (from A. aegypti and A. gambiae) and proteomes (from all insect species) were retrieved from the following databases: A. aegypti (www.vectorbase.org, Nene et al. 2007 ), A. gambiae (www.vectorbase.org, Holt et al. 2002 , Culex pipiens (www.broad.mit.edu), Drosophila melanogaster (flybase.bio.indiana.edu, Adams et al. 2000) , Bombyx mori (silkworm.genomics.org.cn, Xia et al. 2004) , Apis mellifera (www.beebase.org, Honeybee Genome Sequencing Consortium 2006), and Tribolium castaneum (beetlebase.org, Richards et al. 2008 ).
Mosquito Rearing and Massively Parallel Sequencing Solexa cDNA Libraries
Male and female non-blood-fed A. aegypti (strain LVP-IB12) and A. gambiae (strain SUA2Laþ) mosquitoes were reared to adulthood using standard rearing protocols (Das et al. 2007) . Aedes aegypti eggs were obtained through the MR4 (MRA-735, LVP-IB12, deposited by M. Q. Benedict), whereas A. gambiae eggs were kindly provided by Jason Pitts. The A. aegypti strain used in this study (LVP-IB12) is the same as the reference genome strain and was derived from 12 consecutive generations of single pair inbreeding from an already inbred substrain (LVP-SBM) (Nene et al. 2007 ). In contrast, the A. gambiae strain used (SUA2Laþ) is different from the reference genome strain (PEST) due to the latter strain's extinction.
Adult mosquitoes were homogenized for isolation of total RNA using Trizol (Invitrogen, Carlsbad, CA). Poly-A þ RNA was extracted using the Qiagen Oligotex Poly A RNA extraction kit (Qiagen, Venlo, The Netherlands) according to the manufacturer's instructions. poly-A þ RNA (0.5-2 lg) was chemically sheared in 10 mM zinc acetate for 5 min at 60°C, quenched with an equal volume of 250 mM ethylenediaminetetraacetic acid (EDTA), and desalted on an illustra Microspin G-25 column (GE Healthcare, Chalfont St Giles, United Kingdom). Double-stranded cDNA was synthesized from the sheared RNA pool using the First-Strand cDNA Synthesis Kit (Fermentas Life Sciences, Burlington, Canada) with random hexamers, followed by treatment with Escherichia coli DNA Polymerase I and E. coli RNaseH according to the manufacturer's instructions. Double-stranded cDNA was purified using a QIAquick polymerase chain reaction (PCR) Purification Kit (Qiagen) and prepared for Solexa-sequencing. DNA ends were repaired at 20°C for 30 min with 0.5 U/ll T4 Polynucleotide Kinase, 0.15 U/ll T4 DNA Polymerase, and 0.05 U/ll Large (Klenow) Fragment of DNA Polymerase I in 1Â T4 DNA Ligase Buffer with adenosine triphosphate (ATP) (New England Biolabs, Ipswich, MA) and 0.4 mM each deoxyribonucleoside triphosphate in a 100-ll reaction mixture and purified using QIAquick. DNA was A-tailed at 37°C for 30 min with 0.3 U/ll Klenow Fragment (3#/5# exo -) in 1Â NEBuffer 2 and 0.2 mM deoxyadenosine triphosphate in a 50-ll reaction mixture and purified using QIAquick. Forked Solexa adapters were annealed together at 100 lM in 10 mM Tris pH 8.0, 50 mM NaCl, 1 mM EDTA by slowly reducing the temperature from 94°C to room temperature, desalting using an illustra Microspin G-25 column, and storing the adapters at À20°C. Adapters were ligated to A-tailed DNA at a final concentration of 0.1 lM at 15-16°C overnight with 0.6 U/ll T4 DNA Ligase in 1Â T4 DNA Ligase Buffer with ATP in a 50 ll reaction mixture and purified using a MinElute PCR Purification Kit. 200-to 250-bp adapter-cDNA-adapter complexes were further purified by extraction from a well-resolved 3% agarose tris(hydroxymethyl)aminomethane borate EDTA gel using a QIAquick Gel Extraction Kit with isopropanol and triple the recommended volume of QG.
The Solexa cDNA library was amplified for 18 cycles according to the manufacturer's recommendations and diluted to either 2 or 4 pM. Four lanes of massively parallel sequencing by synthesis were performed and processed into SCARF files containing millions of 36-bp sequencing reads and raw quality scores using the Solexa Genome Analyzer I (A. gambiae) or Solexa Genome Analyzer II (A. aegypti) and the Solexa Pipeline Software according to the manufacturer's instructions (Illumina, San Diego, CA) (Bentley et al. 2008) . All data are available on request.
Assessment of Data Quantity
We assembled the Solexa-generated sequence reads from A. aegypti and A. gambiae using the Velvet short-read assembler (Zerbino and Birney 2008) . Velvet generates assemblies by searching for identical matches of a certain length (referred to as k-mer length) between reads. To identify the optimal k-mer value (sensu Zerbino and Birney 2008), we assembled our reads using k-mer lengths of 17, 19, 21, 23, 25, 27 , and 29, without imposing any cutoffs for contig coverage or length. Test contigs !100 and !300 bp plus k-mer length were independently analyzed (this corrects for the 5# overhang in each assembled contig, Zerbino and Birney 2008) . Multiplying the coverage value of each test contig by its sequence length and dividing the product by read length yields the number of reads used in the construction of a given test contig. To calculate the fraction of reads used in a given de novo assembly, we summed the numbers of reads used in the construction of all test contigs in the assembly and divided it by the total number of reads.
We calculated the relative proportion of each reference transcript that was mapped by the test contigs for each of the two species with BlastN (Altschul et al. 1997) , retaining only those test contigs that were !100 bp long, 100% identical, and had e-values 1EÀ06 to a reference transcript.
Assessment of Data Quality
We calculated substitution, indel, and assembly error rates by comparing the de novo assembled A. aegypti test contigs with the A. aegypti reference transcriptome (Nene et al. 2007) . Importantly, the A. aegypti strain used in our study (LVP-IB12) is the same as the reference genome strain: It is highly inbred and harbors extremely low levels of genetic variation (Nene et al. 2007) . It is likely that the overwhelming majority of differences observed in our comparisons are sequencing errors and not genuine sequence polymorphisms. Differences between test and reference data were counted as errors in the test data, which might slightly overestimate the true error rates of our test data.
For the error calculations, we assigned each test contig to a reference transcript according to two criteria: 1) the test contig had a BlastN e-value 1EÀ06 against a reference transcript and 2) the test contig was !100 bp. We did not impose any filter for percent similarity between test contig and reference transcript. Furthermore, we included all test contigs mapping to a single reference transcript that passed these criteria. In cases where the Blast analysis indicated there were no assembly errors (i.e., cases in which the Blast hit length was equal to either the test contig length, the reference transcript length, or was bounded by the start/end of test contig/reference transcript), the substitution and indel error rates were calculated automatically by parsing the BlastN output. For all other cases, we aligned each test contig to its reference transcript using ClustalW (Chenna et al. 2003) and manually recorded substitution, indel, and assembly errors. To evaluate the effect of k-mer length, number of lanes used, and test contig length cutoff, error rates were calculated for six different assemblies (one lane, test contig length ! 300 bp, k-mer 5 21; two lanes, test contig length ! 300 bp, k-mer 5 21; four lanes, test contig length ! 300 bp, k-mer 5 21; four lanes, test contig length ! 300 bp, k-mer 5 19; four lanes, test contig length ! 300 bp, k-mer 5 23; four lanes, test contig length ! 100 bp, k-mer 5 21).
We mapped sequence reads to the coding portions of their respective nonredundant reference transcriptomes using the RMAPQ software with a quality filter of five, allowing up to three mismatches, and retaining only unambiguously mapped reads (Smith et al. 2008) . We determined the distributions of the test contig mapping positions across three equally sized segments of their corresponding reference transcripts by calculating the midpoint of each test contig and identifying the corresponding midpoint in the reference transcript. We generated the expected frequencies of test contig positions using the following equations: middle-third segment 5 (L/3)/(L À l) and 5# third and 3# third segment 5 ((L/3) À (l/2))/ (L À l), where L 5 reference transcript and l 5 test contig length (Huntley and Clark 2007) . We then averaged the probabilities for each test contig and multiplied them by the total number of test contigs for each species. G-test goodness of fit was used to assess whether observed frequencies deviated from expected (Sokal and Rohlf 1995) .
Assessment of Functional Content
We plotted A. gambiae test contig coverage values (calculated by the Velvet software, Zerbino and Birney 2008) against the microarray expression values (retrieved from the University of California Irvine A. gambiae Gene Expression Profile database, Dissanayake et al. 2006) . Microarray expression values were calculated by averaging expression scores of male and female non-blood-fed mosquitoes. Both microarray expression and next-generation sequencing transcript coverage values were normalized via base-10 logarithm transformations. The relationship between the two sets of values was quantified using Pearson's correlation (Sokal and Rohlf 1995) .
We examined whether proteins belonging to different functional categories (FunCat) in the MIPS PEDANT3 database (http://pedant.gsf.de/index.jsp) (Riley et al. 2007) were equally represented in the test contig data relative to the reference proteome. We also examined the relative proportions of transcription factors (dbd.mrc-lmb.cam.ac. uk/DBD, Wilson et al. 2008) , ribosomal proteins (ribosome. miyazaki-med.ac.jp, Nakao et al. 2004 ), odorant receptors (Hill et al. 2002) , immunity-related proteins (www.vectorbase. org, Christophides et al. 2002) (Ranson et al. 2002; David et al. 2005; Hunter et al. 2009 ), as well as proteins containing putative signal peptides (Bendtsen et al. 2004) , transmembrane helix domains (Krogh et al. 2001) , and glycophosphatidylinositol (GPI) anchors (Eisenhaber et al. 2004 ) between the test contig data and the reference proteomes of the two species. Finally, we identified all microsatellites with repeat unit sizes between 2 and 6 bp in the A. aegypti and A. gambiae reference transcripts using the EMBOSS ETANDEM software (Rice et al. 2000) . Microsatellites with repeat units whose sequence was !90% similar and whose total sequence length was !24 bp were considered genuine. For each microsatellite-containing reference transcript, we then identified all test contigs that mapped to it and examined whether the actual microsatellite sequence was covered by a test contig. We assessed deviations from randomness by Fisher's exact test, implementing a multiple test corrected P value of 0.0056 (Sokal and Rohlf 1995) .
Assessment of Evolutionary Content
To investigate the accuracy of ortholog prediction between test contig data from one species and full proteome data from a second one, we first identified all ortholog pairs between species with full proteome data as well as between A. aegypti/A. gambiae test contigs and a number of insect species with full proteome data. The flowchart of our experimental design is shown in figure 1 . Briefly, by assuming that all ortholog pairs identified from comparisons of species with full proteome data were correct, we calculated the number of true positives and false positives for all test contigs that were predicted to be ortholog pairs to insect proteins ( fig. 1 ). Further, we identified test contigs that either failed to map to a reference protein or those that mapped to unpaired reference protein and therefore may represent putative novel transcripts. All analyses were conducted using two different cutoffs for minimum test contig length (test contigs !100 and ! 300 bp).
We next investigated the accuracy of ortholog prediction between the two test contig data sets from A. aegypti and A. gambiae. Assuming that all ortholog pairs of reference proteins were correct, we calculated the number of true positives, false positives, false negatives, as well as lineagespecific transcripts for all test contigs that mapped to reference proteins. The flowchart of our experimental design is shown in supplementary figure 1, Supplementary Material online.
All orthology calculations were done using the reciprocal best Blast hit algorithm (Koonin 2005) , with an e-value cutoff of 1EÀ06, on two test contig data sets (test contigs !100 and !300 bp). Our assumption of the validity of all ortholog pairs identified in comparisons between species with full proteomes is not likely to be strictly true, so its implementation should result in conservative ortholog prediction error rate estimates for our test contigs.
Results

Assessment of Data Quantity
Four ''lanes'' of Solexa-sequencing data from nonnormalized cDNA libraries from A. aegypti and A. gambiae prediction between test contig data from one species and full proteome data from a second one. Orthologs were calculated by comparing a number of insect proteomes (Aedes aegypti, Culex pipiens, Anopheles gambiae, Drosophila melanogaster, Bombyx mori, Apis mellifera, and Tribolium castaneum) against A. aegypti/A. gambiae test contigs or against A. aegypti/A. gambiae reference proteins. The sets of orthologs identified in comparisons between insect and reference proteins as well as the set of test contigs and their corresponding reference proteins were assumed to be correct and were used to evaluate the accuracy of the predicted set of orthologs between insect proteins and test contigs. generated 22,648,046 (average raw base quality score: 37/ 40) and 21,292,304 reads (average raw base quality score: 29/40), respectively (table 1, supplementary table 1 , Supplementary Material online). De novo assembly of reads from all four lanes generated over 21,000 contigs !100 bp and a total of 4.1-4.5 Mbp of assembled sequence data per species (at 6-8Â median coverage; fig. 2A and B, table 1). The fraction of total reads used in each !100-bp assembly was 7.6% (60.5 Mbp) and 8.1% (61.2 Mbp) for A. aegypti and A. gambiae, respectively (supplementary table 1, Supplementary Material online). The number of test contigs in the unfiltered data set was substantially larger. Specifically, 99,020 A. aegypti and 95,747 A. gambiae test contigs were recovered, yielding 10.5 and 10.1 Mbp of assembled sequence data, respectively (table 1, supplementary table 1 , Supplementary Material online). The total amount of sequence reads that contributed to the assemblies was 102 and 110 Mbp for A. aegypti and A. gambiae, respectively. However, we excluded all test contigs ,100 bp from further analyses because their short length and typically low coverage (54-bp median length with 3.5Â median coverage for A. aegypti; 57-bp median length with 4.5Â median coverage for A. gambiae) is likely to render them useless for most applications.
Input Test Data
Numbers and total amounts of assembled test contigs were highly dependent on the starting number of reads used as input to the Velvet assembler, as evidenced by the approximate doubling of their numbers in analyses of reads from 1, 2, and 4 lanes (table 1) . Importantly, the number and sequence amount of test contigs did not plateau as reads from additional lanes were used. Assuming this linear relationship between generated and assembled data holds true for larger amounts of data, one might extrapolate that the entire transcriptome would be covered with four times more data.
Numbers and total sequence amounts of assembled test contigs were also highly dependent on k-mer length (table 1) . There was a positive relationship between k-mer length and median test contig coverage depth, and between k-mer length and average test contig length. Conversely, there was a negative relationship between k-mer length and test contig number. These data suggest that increasing k-mer length results in fewer but longer and more deeply sequenced test contigs, a result matching theoretical expectations (Zerbino and Birney 2008) . Assemblies that yielded the greatest number of test contigs !300 bp were the k-mer 5 21, 4-lane A. aegypti assembly (2,444 contigs !300 bp) and the k-mer 5 23, 4-lane A. gambiae assembly (1,671 contigs !300 bp) (table 1, supplementary table 1 , Supplementary Material online). These were used in all subsequent analyses unless otherwise noted. Assemblies generated using different k-mer lengths had very similar substitution, indel, and assembly error rates (see the ''assessment of data quality'' section).
The A. aegypti test contigs mapped to ;27% of the species reference transcriptome sequence. Additionally, ; 29% of reference proteins were mapped by at least one test contig. However, multiple test contigs frequently mapped to the same reference transcript, albeit without any overlap. In contrast, the A. gambiae test contigs were mapped much less frequently to their reference transcripts, 
Assessment of Data Quality
Substitution, indel, and assembly error rates were relatively robust to k-mer length (19, 21, or 23) and amount of input data (reads from 1, 2, or 4 lanes) (table 2). The only parameter that affected substitution and indel error rates was minimum test contig length. Both error rates significantly increased in the data set consisting of test contigs !100 bp relative to their values in data sets consisting of test contigs !300 bp (substitutions: p 5 1.5 Â 10 À46 ; indels: p 5 2.6 Â 10 À6 ). This is likely explained by median coverage depth differences (6Â for the !100-bp data set; 11-14Â for the !300-bp data sets), as error-free test contigs from the !100-bp data set have a significantly higher average coverage depth relative to all other test contigs (P 5 0.0013). Assembly errors also did not significantly differ between assemblies (table 2) .
Both species displayed a nonrandom distribution of test contigs across the length of their corresponding reference transcripts (A. aegypti: df 5 2, g 5 245.64, p 5 4.56eÀ54; A. gambiae: df 5 2, g 5 16.68, p 5 2.39eÀ 04, respectively), with a significant overrepresentation of test contigs in the 3# third of reference transcripts ( fig. 3 ). These findings are in agreement with previous work showing that the 3# ends of transcripts are more common in Solexa libraries made with poly-Aþ RNA (Nagalakshmi et al. 2008 ).
Assessment of Functional Content
Previous studies have identified a positive correlation between transcript expression levels measured by 
FIG. 2.-Distribution of test contig coverage values (A,B) and reference transcript length recovery (C,D) in the Aedes aegypti (A,C) and Anopheles gambiae (B,D)
!100-bp test contig sets. In panels A and B, the X axis shows coverage values and the Y axis the total number of contigs. In panels C and D, the X axis shows the percentages of reference transcript lengths recovered by the test transcripts and the Y axis the percentage of test contigs that mapped reference transcripts. Note that the A. gambiae data set in panel D is significantly smaller than the A. aegypti data set in panel C. The difference is explained by considering the different test and reference A. gambiae strains used (the A. aegypti strain used in reference and test data generation was the same as well as highly inbred), and the lower overall average base quality score of the A. gambiae test data relative to the A. aegypti test data (table 1) . microarrays and those measured by next-generation sequencing ('t Hoen et al. 2008; Wilhelm et al. 2008) . To test whether this was the case for our data, we plotted the log 10 expression scores of adult male and female non-blood-fed A. gambiae (strain Pink-eye) from a recent microarray study (Dissanayake et al. 2006 ) against the log 10 coverage values of their corresponding test contigs ( fig. 4 ) for all 3,145 reference A. gambiae transcripts mapped by our !100-bp test contig data set. However, there were no expression values in the microarray database for 723 of the 3,145 transcripts, leaving us with a total of 2,422 transcripts for which we had both coverage and microarray expression values. We found a strong positive association between microarray expression and Solexa coverage (Pearson's r 5 0.62) (fig. 4) . Interestingly, we found that 660 of 2,422 (27%) transcripts with both coverage and microarray expression values were included in the top 10% most highly expressed transcripts from the microarray study.
It has previously been reported that Solexa sequencing is slightly biased against sequencing AT-rich genomic regions (Hillier et al. 2008) . To test whether this bias was present in our data, we independently plotted microarray expression values and test coverage values against reference transcript AT content. Both comparisons yielded very weak associations with AT content (r 5 0.04 for microarray expression values and r 5 0.10 for test contig coverage values, respectively).
We assessed the functional information content of our test contigs through several different analyses. We first examined the proportion of each major functional category according to the FunCat scheme (Ruepp et al. 2004) in the test contigs and reference proteins of A. aegypti and A. gambiae, respectively. Test contigs were significantly overrepresented in the Energy (A. aegypti, !100-bp test contigs, p 5 8.00eÀ05; A. aegypti, !300-bp test contigs, p 5 2.60eÀ14; A. gambiae, !100-bp test contigs, p 5 4.00eÀ08; A. gambiae, !300-bp test contigs, All error rates were calculated in six Aedes aegypti assemblies varying in amount of data used (number of lanes column) and assembly parameters (k-mer length column) by comparing test contigs to their reference transcripts. p 5 7.30eÀ18), and Protein Synthesis categories (A. aegypti, !100-bp test contigs, p 5 5.20eÀ06; A. gambiae, !100-bp test contigs, p 5 9.40eÀ12; A. gambiae, !300 test contigs, p 5 2.23eÀ06) ( fig. 5) . In contrast, test contigs were significantly underrepresented in the Organ Differentiation (A. aegypti, !100-bp test contigs, p 5 9.16eÀ08; A. gambiae, !100-bp test contigs, p 5 2.50eÀ06), Systemic Interaction With The Environment (A. aegypti, !100-bp test contigs, p 5 8.00eÀ04), Systemic Development (A. aegypti, !100-bp test contigs, p 5 3.00eÀ05), and Transcription (A. gambiae, !300-bp test contigs, p 5 4.00eÀ04) categories ( fig. 5) .
We then examined whether test contigs were enriched in motifs suggestive of roles in cell secretion and cellmembrane localization functions, by comparing test contigs that contained putative signal peptides, transmembrane helices, and GPI anchors with their corresponding reference proteins. Signal peptides were significantly underrepresented only in one test contig data set (A. aegypti, !100-bp test contigs, p 5 2.00eÀ05), whereas transmembrane helices and GPI anchors were not significantly different in any test contig data set (table 3) .
We finally examined whether additional classes of proteins and protein families of evolutionary interest (transcription factors, ribosomal proteins, odorant receptors, immunity-related proteins, and proteins families involved in insecticide resistance) were present in our test contigs in proportion to their representation in the reference proteomes. Ribosomal proteins were overrepresented in all data sets examined, whereas odorant receptor and transcription factors were underrepresented in almost all data sets examined (table 3) . In contrast, the proportion of proteins involved in innate immunity and insecticide resistance were not significantly different between test contig and reference proteome data sets with one exception (the test contigs associated with insecticide resistance in the A. aegypti !100-bp test contig data set were underrepresented) (table 3) .
Next-generation DNA-sequencing technologies have been highly successful in detecting alternatively spliced transcripts (Carninci 2008; Vera et al. 2008; Tang et al. 2009 ). We also found several cases of alternatively spliced reference transcripts that were uniquely mapped by test contigs (fig. 6 ). Specifically, we detected 11 unambiguous cases of test contigs matching alternatively spliced transcripts in A. aegypti and 20 cases in A. gambiae.
Microsatellites contained in protein-coding regions are readily transferred between species ( FunCat category numbers and corresponding names are shown on the Y axis, whereas the percentages of the contribution of each data set to each FunCat category are shown on the X axis. Black, gray, and white bars represent the reference proteome, !100-bp test contig set, and !300-bp test contig set, respectively. Upward and downward gray and white arrows show statistically significant overrepresentation or underrepresentation in a given FunCat category in the !100-bp test contig set and in the !300-bp test contig set, respectively. The left and right panels refer to the Aedes aegypti and Anopheles gambiae comparisons, respectively. Note that in cases where only some of the test contig data sets/species are significantly different from the reference ones, the other test contig data set(s)/species often show similar, albeit nonsignificant responses. The relative proportions of several protein families and functional domains or patterns were compared between the reference and test data sets of the two species. ''þ'' indicates the presence of a protein, domain or pattern. ''Proportion'' refers to the relative proportion of proteins in each data set. Bold data represent statistically significant over ([) or underrepresentations (Y) of proteins relative to the reference data set (at P 5 0.0056).
A. gambiae, respectively. The substantially lower number of microsatellites in A. aegypti is in agreement with results from several other studies (e.g., Chambers et al. 2007, and references therein) . Surprisingly, we found that the proportion of test contigs mapping to microsatellite-containing reference transcripts was not significantly different from the overall proportion of reference transcripts that contain microsatellites. However, no microsatellites were completely covered by our test contigs.
Assessment of Evolutionary Content
Partial transcriptome data sets are frequently used for ortholog prediction (de la Torre et al. 2006; Hughes et al. 2006; Dunn et al. 2008) , either using partial data from one species and full transcriptome/proteome data from a second one (first scenario), or using partial data sets from both species (second scenario). In the first scenario, we found that ortholog prediction accuracy was insensitive to increasing evolutionary distance, although the numbers of predicted ortholog pairs did decrease with evolutionary distance ( fig. 7, supplementary table 4 , Supplementary Material online). Accuracy was significantly higher for ortholog pairs constructed using the !300-bp A. aegypti/A. gambiae test contig data set than when using the corresponding !100-bp test contig data set (A. aegypti: !100-bp test contigs 5 64%, !300 bp 5 72%, p 5 1.7 Â 10 À27 ; A. gambiae: !100 bp 5 68%, !300 bp 5 75%, p 5 7.4 Â 10 À18 ) ( fig. 7) . Furthermore, the percentage of false positives was relatively low in both data sets. A number of insect proteins with predicted orthologs in the A. aegypti/A. gambiae test contigs did not have predicted orthologs to A. aegypti/A. gambiae reference proteins and may likely represent putative novel or unannotated proteins ( fig. 7) . Finally, a number of test contigs did not map to any reference proteins from their species' proteome ( fig. 7) .
In the second scenario, where ortholog prediction was performed entirely with test contigs, accuracy was significantly higher for ortholog pairs constructed using the 300-bp test contig data sets of A. aegypti and A. gambiae than their 100-bp test contig data sets. Forty-nine percent of predicted ortholog pairs were true positives in the !300-bp test contig data sets compared with ;25% in the 100-bp test contig data sets. Importantly, in both analyses, the percentage of false positives was small but nontrivial (6% and 3%, respectively), whereas a very large percentage of ortholog pairs found using the reference proteome data was not predicted by the test contig data and was classified as false negatives (45% for the 300-bp comparison and 73% for the 100-bp comparison).
Discussion
We investigated the potential utility of short-read DNA sequencing for evolutionary studies of nonmodel organisms. We evaluated the quality of sequences of nonnormalized cDNA libraries of two mosquito vectors, A. aegypti and A. gambiae, by comparing them with the reference genome sequences of these species (Holt et al. 2002; Nene et al. 2007) . Similarly, we compared our sequence data with proteomes of diverse insects to evaluate its utility for evolutionarily distant comparisons. We found that our shortread DNA sequence data were large in quantity and high in quality and of sufficient diversity to be of functional and evolutionary interest. We will discuss our findings in the context of the four key parameters we set out to evaluate-quantity, quality, functional, and evolutionary information content-and in comparison to similar analysis using long-read next-generation sequence data.
Data Quantity
We recovered a total of 4-4.5 Mbp (at 6-8Â median coverage) of assembled sequence data per species, with Aedes test contigs matching ;27% of the Aedes reference transcriptome sequence. These values are similar to the assembled sequence data from long-read transcriptome sequencing (9.5 Mbp at 3Â median coverage) (Vera et al. 2008) . The relatively low fraction of the total transcriptome recovered reflects the large size of the transcriptomes we examined and the relatively small number of reads generated, because deeper short-read resequencing of the smaller yeast transcriptome accurately detected more than 90% of all transcripts (Nagalakshmi et al. 2008; Wilhelm et al. 2008) . In the near future, the use of paired-end sequencing (already available for both short-and long-read nextgeneration technologies), the development of assembly algorithms that take advantage of base quality scores and longer read lengths promise to significantly increase the proportion of the transcriptome recovered at depths of sequence similar to what we obtained.
Data Quality
Substitution error rate in our test data (;0.25%) was robust to varying assembly parameters and amount of data used. This value is likely an overestimate of the actual error rate because in all calculations we assumed that the reference data are error-free, which is certainly not the case (Holt et al. 2002; Nene et al. 2007 ). Similar error rates have been estimated from de novo assembly data of Solexa-generated short reads of bacterial genomes (0.33%, Farrer et al. 2009 ), and from unassembled 454/Roche long reads (0.25-0.5%, Huse et al. 2007 ). In contrast, Wicker et al. estimated the FIG. 7 .-Accuracy of ortholog prediction between test contig data from Aedes aegypti (panel A)/Anopheles gambiae (panel B) and full proteome data from several insects. Percentages of 1:1 ortholog pairs recovered when A. aegypti/A. gambiae reference proteins are used are shown in the upper graphs, whereas percentages of pairs recovered when two different test contigs data sets from A. aegypti/A. gambiae are used are shown in the middle (!100-bp test contig set) and lower (!300-bp test contig set) graphs, respectively. For the middle and lower graphs, the percentages of true positives, false positives as well as of putative novel test contigs and test contigs lacking a reference protein are shown as pie charts (for a description of how the percentages in each category are calculated see figure 1 and for their actual numbers see supplementary table 4, Supplementary Material online). The total number of predicted A. aegypti/A. gambiae test contig-insect protein ortholog pairs are shown above each pie chart. At the bottom of each panel, a phylogenetic tree depicting the evolutionary relationships between the insects used in these calculations is shown, with numbers corresponding to divergence in million years (all dates from Grimaldi and Engel 2005) . substitution error rate for de novo assembled long-read sequenced bacterial artificial chromosomes at approximately 0.07% (Wicker et al. 2006 ), but they did not include additional errors in homopolymer runs.
Functional Information Content
Transcriptome sequencing is frequently used to provide greater insight into the organism's biology (King et al. 2003; Nichols et al. 2006) . What information did we retrieve from our test data about the distinctive biology of mosquitoes? It is well established that protein families involved in basic cellular functions are typically highly expressed (Holstege et al. 1998) , and this is evidenced in the functional enrichment of our test contigs ( fig. 5) . We examined a number of other protein families and features that are relevant to mosquito biology (e.g., involved in insecticide resistance, olfaction, and immunity) or to the biology of nonmodel organisms in general (e.g., microsatellitecontaining genes, transcription factors, or motifs indicative of secretion or cell-membrane localization). We found a number of proteins that contribute to immunity or have a role in insecticide resistance, indicating that the shortread, low-cost approach we took can reveal interesting components of an organism's transcriptome. On the other hand, we did not recover many weakly expressed transcripts likely to be of particular interest to some mosquito biologists, such as odorant receptors or transcription factors. It is likely that poorly expressed transcripts could be recovered by additional sequencing, although at greater cost. Moreover, assembly of transcripts that are members of gene families might be fundamentally problematic due to the inherent difficulty of assembling similar but distinct transcripts from short reads.
An important but perhaps easily overlooked point is that next-generation DNA sequencing provides quantitative information about gene expression (Nagalakshmi et al. 2008; #t Hoen et al. 2008; Wilhelm et al. 2008; Rokas and Abbot 2009) . The strong correlation between test contig coverage depth and microarray-estimated expression levels demonstrates this point ( fig. 4) and suggests an underappreciated benefit of de novo transcriptome sequencing, provided one starts from a nonnormalized cDNA library.
Evolutionary Information Content
Another use of transcriptome sequencing is for generation of novel molecular markers (e.g., Rokas et al. 2005; de la Torre et al. 2006; Hughes et al. 2006; Bouck and Vision 2007; Dunn et al. 2008) . Importantly, our prediction of orthologs using test contigs was relatively accurate and the number of false positives remained small across different experiments ( fig. 7) . The number of orthologs retrieved was remarkably robust to increasing evolutionary distance, suggesting that one can successfully annotate (for functional and evolutionary purposes) next-generation data from nonmodel organisms that are evolutionarily very distant to model ones. However, the fraction of false positives in all comparisons was not trivial ( fig. 7) , highlighting the need for development of experimental approaches that explicitly deal with ameliorating their influence on downstream data analyses. False positives notwithstanding, the consistent recovery of the same sets of orthologs across species that diverged hundreds of million years ago ( fig. 7) suggests that this technology may prove to be very useful for the recovery of large amounts of orthologous sequence for downstream molecular evolution studies.
Supplementary Material
Supplementary figure 1 and supplementary tables 1-4 are available at Molecular Biology and Evolution online (http://www.mbe.oxfordjournals.org/).
